In this paper, energy efficiency in petroleum refining industry has been analyzed using the non-parametric data envelopment analysis approach with physical data. The proposed model for evaluation of energy efficiency does not require energy data in the operational levels for considering the structural effects. The average weighted boiling point of refined products is used as structural indicator in the proposed model. Also, data envelopment analysis (DEA) is used as a sensitivity analysis tool for determination of the potentials and means of energy consumption improvement and optimization. The proposed model is applied to a set of data from Iran and some OECD countries. The results show that the potential of savings in fossil fuels are greater than that of electricity consumption in refineries. The unique feature of this study is based on the utilization of DEA for separation of structural effects from other effects which are referred to as activity and intensity effects. The proposed model is also verified and validated by principle component analysis (PCA) and non-parametric Spearman correlation technique.
I. INTRODUCTION
Petroleum refining is one of the largest energy consuming sectors, consuming approximately 4 percent of total global primary energy consumption. Most petroleum refining capacity can be found in OECD countries, Eastern Europe and former Soviet-Union, while the share of developing countries is growing [1] . In addition, in Iran, the petroleum refining industry is a large energy-consuming sector, having a share of 3.7 percent in manufacturing primary energy consumption, equivalent to 0.8 percent of total primary energy consumption [2] . In general, improving energy efficiency is considered to be an important option to reduce energy-related greenhouse gas emissions. In order to support national and international policy development, especially in petroleum refining industry and because of the large amount of energy consumed in this industry, it is necessary to have adequate information about the present levels of energy efficiency and the potentials of improving energy efficiency.
Commonly, energy intensity indicators measure energy efficiency, but as stated by Freeman et al. [3] , energy intensity is not exactly an indicator of energy efficiency. Changes in intensity indicators can be due to the behavioral, technological, structural or efficiency changes. In this respect, structural changes have a large effect on energy consumption, especially in manufacturing industries.
The 'International Comparisons of Energy Efficiency project', initiated by Lawrence Berkeley National Laboratory and the department of Science, Technology and Society (Utrecht University, the Netherlands) aimed to develop indicators for measuring and comparing energy efficiency among countries. The methodologies developed and published in its proceeding Handbook [1] , show that structural differences can be taken into account in crosscountry comparisons of energy efficiency if appropriate physical energy efficiency indicators are used. Worrel et al. [4] have compared the physical and economic energy intensity indicators in the iron and steel industry. They have concluded that use of physical energy intensity indicators improves comparability between countries, provides greater information for policy-makers regarding intra-sectoral structural changes. Also Eichhammer et al. [10] and Farla et al. [11] emphasize the use of physical energy efficiency indicators in cross country comparisons and in pulp and paper industry, respectively.
Previous studies, [4] , [5] and [6] have used a structure/efficiency plot to comparing the actual specific energy consumption (SEC) with the best-practice SEC in presence of structure indicator. Also, Ma et al. [7] have measured technical efficiency by dividing China's iron and steel enterprises into four groups according to the structure of their products to differentiating between technical and structural effects on energy consumption. They have used Data Envelopment Analysis (DEA) to examine the efficiency of the enterprises within each group. In this paper we propose to consider the structure of petroleum refining sectors directly into analysis with the aid of structural indicators defined in the next section. Moreover, the structure of petroleum refining is assessed by a structural indicator that will be used as a DEA output indicator. Also, by using sensitivity analysis the proposed model can determine the inefficiencies in consumption of each energy carrier withal the potential of efficiency improvements in each energy carrier usage.
In the proposed approach, DEA incorporates all defined variation sources such as energy consumption, activity and structure of refineries into evaluation by considering them as input and output indicators. This approach ranks refineries as decision-making units (DMUs) according to their efficiency of utilizing energy carriers to produce more energy intensive products within a specific structure. Furthermore, energy consumption indicators are defined and used as input indicators whereas activity and structural indicators are defined and used as the output indicators. This does not mean that the input side indicators are consumed to produce the outputs but it means that increases in such an output side indicators is accompanied by increases in input side indicators. Ramanathan [8] has employed this feature of DEA for analysis of energy consumption in countries of the Middle East and North Africa.
Section 2 introduces the input and output indicators and data sources used in our study. Also, the philosophy of utilizing these indicators is mentioned. In sections 3 and 4 a conceptual description of DEA and DEA sensitivity analysis and principle component analysis (PCA) are explained. Moreover, PCA is used to verify and validate the results of DEA approach of this study. In section 5, DEA models is applied to a set of real data including Iran and some OECD countries and the results are presented and verified, validated and discussed.
II. DATA AND INDICATORS
In petroleum refining, energy consumption figures were composed of fuel consumption, refinery losses and electricity consumption. As recommended by Phylipsen et al. [1] Fossil fuels approximately have a share of 95 percents in total primary energy consumption in refineries of selected countries.
The structural indicators for petroleum refining industry have been defined as product mix and the type of crude oil [1] . As stated by Worrel et al [6] , the type of crude oil can influence the energy consumption of Crude Distillation Unit by 24% but unfortunately we cannot take this variation into account because no data concerning the crude oil types used are available. Therefore, it is assumed that the structure of the petroleum refining to be only the mix of products. We embody this structural aspect in our analysis in figure of an output indicator that is average weighted boiling point (AWBP) of all produced fractions.
Crude oil is a complicated mixture of hydrocarbons with a varying composition depending on its source. The hydrocarbons in crude oil have different boiling points, according to the number of carbon atoms their molecules contain and how they are arranged. The more carbon atoms a hydrocarbon molecule has, the heavier it is and the higher is it's the boiling point. Each refined product may have different types depending on its carbon chain length and so has a boiling range. For example, gasoline has 4-8 carbon molecules in its carbon chain and has a boiling range of 20 to 200 o C. We use an average boiling point for each fraction in our analysis. The Industrial Commodity Statistics of the UN distinguish 14 petroleum refinery product groups, which are aviation gasoline, jet fuels, motor gasoline, Naphtha, Kerosene, White spirit/industrial spirit, gas-diesel oil (distillate fuel oil), residual fuel oils, lubricants, petroleum wax (paraffin), petroleum coke, Bitumen (asphalt), LPG and refinery gas. We use an average boiling point for each of these 14 fractions to calculate the AWBP. Data needed are derived from the handbook of petroleum products [9] . This handbook gives a sound working knowledge of each product's properties and characteristics. Average boiling points are shown in Table I . As suggested by Phylipsen et al. [1, page 188], a structural indicator could be developed according to light and heavy fractions. As mentioned by Worrel et al. [6] , the production of light fractions consumes more energy, since more processing steps are involved. On the other hand, light fractions have lower boiling point compared to heavy fractions. So, in a standard modern refinery with a specific level of production, as the average boiling point is decreased for all produced fractions, more energy is consumed.
We use the AWBP as a structural indicator. This indicator is nested into output side indicators in DEA model. As mentioned, an increase in an output side indicator is accompanied by increases in input side indicators. Thus, the inverse of AWBP is used as a DEA output indicator in our analysis. For convenience all numbers are multiplied by 1000. Therefore, the AWBP is calculated as (1):
Moreover, our DEA output indicator calculated as (2) AWBP AWBP 1 1000 1000
In the above expression j is the index of refined products and P j is the production of product j. ABP j is the average boiling point of product j. The production data of the refined products are collected from the UN Industrial Commodity statistics, 2001 . Petroleum refining produces a wide variety of products. The best activity indicator would include the total variety of products, produced in all processes. In our study total weighted production of all produced fractions (TWP) is used as activity indicator. We use the best practice SECs (Table  II) , proposed by Worrel et al. [6] as weighting factors for aggregating all amount of different products into one activity indicator. This aggregated indicator also is the amount of primary energy that could be consumed in industry according to the present mix of products in best practice mode. We consider this indicator as one of the DEA-output side indicators because in a specific mix of products, the ratio of best-practice primary energy consumption to actual electricity or fuel consumption is an indicator, representing the potential of energy savings and efficiency of energy consumption.
In 1994, Worrel et al. [6] in their study in the European Union, propose a set of best practice SECs for six groups of fractions. They distinguished six fraction groups, i.e. gases (LPG and refinery gas), gasoline (aviation gasoline, Jet fuels, and Motor gasoline), Kerosene, gas oil (gas-diesel oil, naphtha and white spirit), fuel oil (residual fuel oils) and others (Lubricants, petroleum wax, petroleum coke and asphalt). The best practice SECs and relevance between Worrel study production groups and UN statistics production groups proposed by Worrel et al. [6] are shown in Table II . The best practice SECs, are based on a typical standard refinery, consuming 6.5% of throughput, with a mixed feedstock of Arabian light and Brent blend [6] .
The TWP for each DMU is calculated by summing all amounts of refinery products production multiplied by their corresponding best practice SECs as in (3):
It should be noted that j is the index of refined products and P j is the production of product j. SEC j BP is the best practice SEC for product j proposed by Worrel t al [6] . Data used in our analysis are presented in Table III . DEA is a non-parametric programming method for estimating the efficiency in a given set of decision-making units (DMUs). Envelope models could be input or output oriented. In an input oriented model the level of all output remain constant and technical efficiency score Ө measures the minimal radial contraction of the inputs. Since we are interested to evaluate the efficiency of refineries under a fixed structure and on the other hand, the output indicators in our DEA models reflect the structural properties of refineries, we use the input oriented DEA models. The efficiency scores derived from the input oriented models for inefficient refineries deal with the potential of conservation in consumption of each input (energy carrier). In addition, for efficient refineries the efficiency scores show how well a refinery use the electricity and fuels to produce the refined products.
Assume a sample that covers n DMUs, and that each of them uses m inputs with the property of s outputs. It is an input-orientated measurement of efficiency: The Model 1 assumes constant returns to scale (CRS) and at first was introduced by Charnes et al. [12] and known as CCR model. However, variable returns to scale (VRS) can be incorporated in it by appending the constraint ( ) and the resulting model is called BCC model [13] . Scale efficiency of a DMU is obtained as the ratio of CCR efficiency and BCC efficiency. Since, in input oriented models, the VRS efficiency of a DMU is always more than or equal to the CRS efficiency, scale efficiency of a DMU is equal to one if the DMU is operating at its most productive scale size; otherwise scale efficiency is less than one. The CCR model is not capable of ranking efficient units as it assigns a common index of one to all the efficient DMUs. Therefore, this model was modified by Andersen and Petersen [14] for DEA based ranking purposes. We use the AP Model (Model 2) for full ranking the DMUs. In AP model a DMU is an efficient DMU if the efficiency score of that DMU is equal or greater than one. All inefficient DMUs have an efficiency score less than one.
Since each refinery has its own inherent tradeoffs among the energy carriers that significantly influence the performance, it is extremely important to know the critical energy carrier. By using super-efficiency DEA models, the sensitivity analysis of DEA efficiency classification can be easily achieved. For sensitivity analysis, we use input oriented measure specific super efficiency DEA model that proposed by Zhu, [15] . The DEA sensitivity analysis methods we have used are all developed for the situation where data variations are only applied to the test DMU and the data for the remaining DMUs are assumed fixed. This approach is independent of identifying DEA weights or DEA multipliers mentioned in [16] . We assume constant return to scale. In Model 3, the kth input is given the preemptive priority to change such that: The results of sensitivity analysis for an efficient refinery could help us to determine the energy carrier that increases in its consumption make the DMU an inefficient DMU. On the other hand, for the inefficient DMUs, we can determine the energy carrier that decreases in it could make the DMU an efficient DMU more rapidly. A full description of the procedure of determining the critical input indicators can be found in [15] . For the first input (ELECT) the optimal value of Model 3 (Ө 1 * ) for an inefficient DMUo is the minimum contraction in ELECT that cause to DMUo be an efficient DMU on the frontier and be a best practice DMU. Ө 1 * also is the amount of potential reduction in ELECT compare to the best observed DMU. As stated by Zhu [15] it is clear that for an inefficient DMU, if Ө 1 * > Ө 2 * then the input1 is critical input and therefore the potential of savings in input2 is greater than the potential of savings in input1. It should be noted that for an inefficient DMU the optimal values of Model 3 for all its inputs are less than one. The more the optimal value of Model 3 for an input, the less the potential of savings in that input. Further work on concepts of sensitivity analysis and its application is done by [17, 18, 21] IV. PRINCIPAL COMPONENT ANALYSIS Principal Component Analysis (PCA) is widely used in multivariate statistics such as factor analysis. It is used to reduce the number of variables under study and consequently ranking and analysis of decision-making units (DMUs), such as industries, universities, hospitals, cities, etc [20] [21] [22] . These DMUs utilize a variety of sources as inputs to produce several outputs. In this paper, we use this method for verifying and validating DEA ranking results. The procedure of ranking with PCA in our analysis is the procedure proposed by Zhu [23] . Zhu compares two DEA and PCA approaches in aggregating multiple inputs and multiple outputs in the evaluation of the economic performance of Chinese cities. As mentioned by Zhu, these two methods yield consistent and mutually complementary results. More conceptual descriptions of ranking with PCA can be found in [23] and [24] .
V. THE PROPOSED APPROACH
The DEA analysis of the data presented in Table III , has been performed using the Lingo software package. The efficiency scores of refineries in different years and sensitivity analysis results are indicated in Table III . Note that the efficiencies reported are only relative, i.e. efficiencies relative to the best performing country (countries). Table III shows that 3 of the 48 DMUs have been considered efficient (in terms of the energy consumption) under the CRS assumption. They are Austria in the years 1991, 1993, 1995. These three DMUs have been considered in this study as having low electricity and fossil fuel consumption compared to the others as the effect of products structure (in the form of AWBP) has been eliminated. When VRS is assumed, Canada 1998 and Iran in years 1995-1998 have also been considered efficient. Czech Republic is rated as the least efficient country under the CRS and VRS assumption. Table III also gives information about Peer(s) for DMUs considered inefficient in the analysis. For example, Iran's peer is Austria 1993, meaning that Iran can try to emulate Austria (as far as the energy consumption is considered) in order to register the consumption of carriers that will enable it to be considered best in the DEA study. As expected, the VRS efficiencies that measure pure technical efficiencies excluding effects of scale of operations are larger than the corresponding CRS efficiencies. For example, the CRS efficiency of Iran is 0.1-0.16, and its score increases to 1 under the VRS assumption. The CRS efficiency score is lower because this country does not operate at a best possible scale size. The ratio of CRS and VRS efficiency is the scale efficiency. Table III provides the details on scale efficiencies of the countries. For example, the scale efficiency of Poland is almost 0.3, meaning that the country is not able to register unit efficiency because it is not operating at the most productive scale size, and its present size of operations reduces its pure technical efficiency (i.e. the VRS efficiency) by 70%. When VRS is assumed, Japan and UK in some years are considered efficient indicating that the CRS inefficiency of these two countries is due to the fact that they are not operating at the best possible scale size.
A full ranking of countries in different years has been performed (Table III) . Austria in years 1991, 1993 and 1995 has the best efficiency in term of energy consumption in its petroleum refining industry. The result of DEA full ranking has been validated using the multivariate statistical method of principal component analysis (PCA). The Spearman correlation between the rankings of DEA and PCA is 99.1 percent. Compared to Austria, all remaining countries are inefficient in consumption of energy carries (ELECT & FOSS) in their refining industries. The score efficiency of each DMU is a coefficient that tells us the amount of potential savings in consumption of each energy carrier. Also, the potential of improvement in energy consumption in refineries under study can better be derived from the results of sensitivity analysis. Sensitivity analysis with the aid of Model 3 has been applied to the data and the results have been presented in the last three columns of Table III . Data in Table III show that in all inefficient DMUs, the electricity is the critical carrier for the refining industry to be an efficient DMU. It means that for all countries except Austria, the percentages of potential improvements in fossil fuels are greater than the potential savings in electricity compared to the best practices (Austria in years 1991, 1993 and 1995) . This is an interesting conclusion that is corresponded with our knowledge about refineries because more than 95 percents of primary energy consumption is due to fossil fuels consumptions and hence the potential of savings in the fossil fuels should predominantly be greater than the potential savings in electricity consumption.
VI. CONCLUSION
In this paper, energy efficiency in petroleum refining industry has been analyzed using the robust nonparametric DEA approach. Also, the DEA approach was verified and validated by PCA and Spearman correlation technique. Utilizing physical indicators in the analysis enhances the comparability between countries and gives a sound reliability to the results. The proposed model eliminates the need for energy data in the refineries operations level for considering the structural effect. The output indicator used as structural indicator incorporates the structure of the petroleum refining industry properly into analysis. Energy consumption in industry is a function of three indicators that are activity, structure and efficiency. This subject makes the energy efficiency analysis a multidimensional decision problem that DEA can help us in this respect. Determining the potentials of improving energy efficiency is a goal in each study of energy consumption. We do this with the aid of DEA sensitivity analysis models. The results of applying the model into a set of real data from Iran and some OECD countries show that the potential of savings in fossil fuels are frequently more than the potential of savings in the electricity consumption. In our case study the Austria in the years 1991, 1993 and 1995 has the best relative performance and the potential of savings in energy carriers are determined according to the properties of petroleum refining industry in this country as a benchmark. Because of limitations to access required data for crude oil, type of crude oil could not be considered as a structural indicator. Incorporating this aspect into present analysis as a quantitative or qualitative aspect can be a subject for the future studies.
